This paper investigates the issue of temporal ordering of the range-based volatility and turnover volume in the Korean market for the period 1995-2005. We examine the dynamics of the two variables and their respective uncertainties using a bivariate dual long-memory model. We distinguish volume trading before the Asia …nancial crisis from trading after the crisis. We …nd that the apparent long-memory in the variables is quite resistant to the presence of breaks. However, when we take into account structural breaks the order of integration of the conditional variance series decreases considerably. Moreover, the impact of foreign volume on volatility is negative in the pre-crisis period but turns to positive after the crisis. This result is consistent with the view that foreign purchases tend to lower volatility in emerging markets-especially in the …rst few years after market liberalization when foreigners are buying into local markets-whereas foreign sales increase volatility. Before the crisis there is no causal e¤ect for domestic volume on volatility whereas in the post-crisis period total and domestic volumes a¤ect volatility positively. The former result is in line with the theoretical underpinnings that predict that trading within domestic investor groups does not a¤ect volatility. The latter result is consistent with the theoretical argument that the positive relation between the two variables is driven by the uninformed general public.
based intraday estimator of Garman and Klass (1980) (hereafter GK). Chen and Daigler (2004) point out that the GK estimator is more e¢ cient than the traditional close-to-close estimator and exhibits very little bias whereas the realized volatility constructed from high frequency data can possess inherent biases impounded by market microstructure factors (see also, Alizadeh et al., 2002) .
As pointed out by Kawaller et al. (2001) , empirical evidence of an inverse relation between the two variables is rare in the literature, and it contrasts sharply with the widely held perception that the two are positively related (see also Daigler and Wiley, 1999) . Wang (2007) argues that foreign purchases tend to lower volatility, especially in the …rst few years after market liberalization when foreigners are buying into local markets. In sharp contrast foreign sales increase volatility. Therefore, we investigate the signi…cance and the sign of the causal e¤ect.
Our sample period from 1995 to 2005 includes the AFC. It is sensible to distinguish volume traded before the crisis from that traded after the crisis. To check the sensitivity of our results to the AFC we use three alternative sets of dates for the post-crisis period. Overall, we …nd that the apparent long-memory in all four variables is quite resistant to the presence of breaks. However, when we take into account structural breaks the order of integration of the conditional variance series decreases considerably. In particular, the long-memory in the variance of volatility re ‡ects the post-crisis period. Similarly, the high values of the fractional parameters driving the degree of persistence in the variance of total/domestic volume are due to the …nancial crisis. In addition, when allowing for structural breaks the fractional integration in the foreign volume variance series disappears.
As regards causality, the results suggest that the feedback e¤ects from volume to volatility are sensitive to structural changes. That is, the impact of foreign volume on volatility is negative in the pre-crisis period but turns to positive after the crisis. Before the crisis there is no causal e¤ect from total/domestic volume to volatility whereas in the post-crisis period a positive one began to exist. In sharp contrast, the reverse causal e¤ect (that is, from volatility to volume) is robust to structural breaks. Finally, the evidence for the entire period suggests that the (weak) negative in ‡uence of total volume on volatility re ‡ects the causal relation between foreign volume and volatility. In sharp contrast, in the pre-and post-crisis periods the total volume-volatility link re ‡ects the relationship between domestic volume and volatility.
The remainder of this article is organised as follows. Section 2 discusses the theory concerning the link between volume and volatility. Section 3 outlines the data which are used in the empirical tests of this paper. In Section 4 we describe the time series model for the two variables. Section 5 reports the empirical results and the next section performs sensitivity analysis. Section 7 contains summary remarks and conclusions. Some background information on the techniques used in the paper and additional technical results are contained in the appendix.
2 Theoretical background 2.1 Economic rationale for the negative impact of volume on volatility Daigler and Wiley (1999) found empirical evidence indicating that the positive volume-volatility relation is driven by the (uninformed) general public whereas the activity of informed traders such as clearing members and ‡oor traders is often inversely related to volatility.
Moreover, the activity of market makers (liquidity providers) occurs independently of information arrival. Kawaller et al. (2001) argue that an increase in such noninformation-based trading mitigates the imbalances between liquidity suppliers and liquidity demanders by enhancing the market's capacity to absorb the information-induced trading. Accordingly, all else being equal, a marketplace with a larger population of liquidity providers (or a larger capacity to absorb demands for liquidity) will be less volatile than one with a smaller population, and vice versa (Kawaller et al., 2001 ).
In Andersen's (1996) Mixture of distribution hypothesis (MDH) model returns are composed of information (I 1=2 t ) and non-information components (e t ) where e t is assumed to be identically independently
2 ). 1 In other words, we have r t = I 
In Andersen's framework Cov(r ) to be nonzero. In their empirical investigation they …nd that it is signi…cantly negative. In other words, controlling for the information ‡ow, they …nd that volatility is negatively related to volume.
1 Some studies examine whether the actual empirical dynamics of volatility and volume are consistent with the theoretical implications of the MDH (see, Luu and Martens, 2003; Karanasos and Kartsaklas, 2007 and the references therein). Bekaert and Harvey (2000) explore the impact of foreign speculative activity on returns volatility in 20 emerging markets. They measure increased foreign investment activity with the introduction of ADRs, country funds, the lifting of legal restrictions, and extent of net capital ‡ows. They …nd that their measures of foreign activity have an insigni…cant e¤ect on volatility. Another measure of foreign activity is the amount of foreign trading. In other words ADRs and country funds serve as vehicles for foreign speculators, but the actual volume of foreign trading is an alternative measure of foreign speculative activity (Dvoµ rák, 2001). Kim and Wei (2002) point out that in the context of the recent AFC, it has been argued that foreign portfolio investors may have been positive feedback traders so that they rush to buy when the market is booming and rush to sell when it is falling. Another popularly claimed behavior by foreign investors is herding. That is the tendency for investors to mimic each other's trading. For at least two reasons, however, positive feedback trading and herding are not necessarily destabilizing. First, investors trading on fundamentals may be su¢ ciently powerful in the markets to prevent prices from moving away from fundamental values. Second, positive feedback traders may be trading in response to information about fundamentals, so that their trading does not drive prices away from fundamentals (Choe et al., 1999) . Choe et al. (1999) examine the impact of foreign investors on stock returns in Korea over the period from November 30, 1996 , to the end of 1997. They found evidence that, before the Korean crisis over the last months of 1997, foreign investors engage in positive feedback trading and herd. During the crisis, the evidence of positive feedback trading was much weaker. There was no evidence that herding was more important during the crisis period, and some evidence that it was less important. They concluded that neither positive feedback trading nor herding, however, were necessarily destabilizing.
Foreign and domestic investors
Dvoµ rák (2001) points out that even when foreigners are noisy and irrational, their activity does not necessarily have a destabilizing impact. Domestic investors may be powerful enough and the market as a whole su¢ ciently liquid to accommodate selling or buying pressures from noisy foreigners. It is also possible that, controlling for total volume, foreign trading has a negative e¤ect on volatility. This may be the case if foreign trading activity supplies liquidity to local markets or that local investors destabilize markets more than foreign ones. In this case, foreign participation is highly bene…cial (Dvoµ rák, 2001).
Furthermore, in a market with partially informed investors, broadening the investor base increases risk sharing and stock prices. A simple extension of this analysis shows that broadening investor base improves the accuracy of market information and stabilises stock prices (see Wang, 2007 and the references therein). Therefore foreign purchases tend to lower volatility by increasing the investor base in emerging markets. This is especially the case in the …rst few years after market liberalization when foreigners are buying into local markets, and is consistent with …ndings of stable stock markets after liberalization. In sharp contrast, foreign sales reduce investor base and increase volatility. Finally, Wang (2007) points out that trading within foreign and domestic investor groups does not change investor base, therefore does not a¤ect volatility.
Data description and sub-periods
The data set used in this study comprises 2850 daily trading volume and prices of the Korean Composite Stock Price Index (KOSPI), running from 3rd of January 1995 to 26th of October 2005. The data were obtained from the Korean Stock Exchange (KSE). The KOSPI is a market value weighted index for all listed common stocks in the KSE since 1980.
Measurement of price volatility
Using data on the daily high, low, opening, and closing prices in the KOSPI index we generate a daily measure of price volatility. We can choose from among several alternative measures, each of which uses di¤erent information from the available daily price data. To avoid the microstructure biases introduced by high frequency data, and based on the conclusion of Chen et al. (2006) that the range-based and highfrequency integrated volatility provide essentially equivalent results, we employ the classic range-based estimator of Garman and Klass (1980) to construct the daily volatility (y gt ) as follows
where u and c are the di¤erences in the natural logarithms of the high and low, and of the closing and opening prices respectively. . 3 We form a trend-stationary time series of turnover (y vt ) by incorporating the procedure used by Campbell et al. (1993) that uses a 100-day backward moving average
where VLM denotes volume. This metric produces a time series that captures the change in the long run movement in trading volume (see, Brooks, 1998; Fung and Patterson, 1999) . The moving average procedure is deemed to provide a reasonable compromise between computational ease and e¤ectiveness. We also extract a linear trend from the volume series. As detailed below, the results for the linearly detrended volume series are almost identical to those reported for the moving average detrending procedure.
In what follows, we will denote volume by y 
Structural Breaks
We choose the break points by employing a number of recently developed tests for structural breaks.
In addition to testing for the presence of breaks, these statistics identify the number and location of Perron's (1998) one and it is not model-speci…c. In particular, it is valid under a wide class of strongly dependent processes, including long-memory, GARCH-type and non-linear models. It is worth noting that these tests simultaneously detect multiple breaks.
The overall picture dates two change points for volatility. The …rst is detected on the 15th of October 1997. Accordingly, we break our entire sample into two sub-periods: 1st) 3rd January 1995-15th 
Korean economy and sub-samples
The …rst change point in volatility is associated with the …nancial crisis in 1997. As mentioned earlier on, we break our entire sample into two sub-periods: Finally, in addition to sample B1, we also examine the post-crisis period excluding the world recession period (afterwards sample B2). In particular, analyzing the bivariate regression of z t on a constant and x t where z t I(d z ) and
they show that the corresponding t-statistic will be divergent provided
Moreover, in the presence of conditional heteroskedasticity Vilasuso (2001) investigates the reliability of causality tests based on least squares. He demonstrates that when conditional heteroskedasticity is ignored, least squares causality tests exhibit considerable size distortion if the conditional variances are correlated. In addition, inference based on a heteroskedasticity and autocorrelation consistent covariance matrix constructed under the least squares framework o¤ers only slight improvement. Therefore, he suggests that causality tests be carried out in the context of an empirical speci…cation that models both the conditional means and conditional variances. Chen and Daigler (2004) explore the time-dependent heteroscedasticity in the second conditional moments of the volume and volatility processes. In particular, they employ a trivariate ccc AR-GARCH model. This methodology provides the dynamic ccc as a measure of non-linear dependence (see Chen and Daigler, 2004 ).
Furthermore, in many applications the sum of the estimated GARCH(1,1) parameters is often close to one, which implies integrated GARCH (IGARCH) behavior. For example, Chen and Daigler (2004) emphasize that in most cases both variables possess substantial persistence in their conditional variances.
In particular, the sum of the GARCH parameters was at least 0.950. Most importantly, Baillie et al.
(1996), using Monte Carlo simulations, show that data generated from a process exhibiting FIGARCH e¤ects may be easily mistaken for IGARCH behavior. Therefore we focus our attention on the topic of long-memory and persistence in terms of the second moments of the two variables. Consequently, we utilize a bivariate ccc AR-FI-GARCH model to test for causality between volume and volatility. 4 
Dual long-memory
Along these lines we discuss the bivariate dual long-memory time series model for the two variables and discuss its merits and properties.
Let us de…ne the column vector of the two variables y t as y t , (y vt y gt ) 0 and the residual vector " t as
Here and in the remainder of this article, the symbol ','is used to indicate equality by de…nition. Regarding " t we assume that it is conditionally normal with mean vector 0; variance vector
In order to make our analysis easier to understand we will introduce the following matrix notation.
(L) is a 2 2 matrix polynomial in the lag operator L with diagonal elements i (L), i = v; g, and o¤-diagonal elements ij (L), i; j = v; g, j 6 = i. The scalar …nite polynomials i (L) and ij (L) are given
The subscripts d and c will denote diagonal and cross diagonal matrices respectively. That is,
Next, the structure of the ARFI (p; d m ), p ,max(p i ; p ij ), mean equation is given by
where Further, to establish terminology and notation, the bivariate FIGARCH(1; d v ; 1) process is de…ned by
where B(L), A(L) are 2 2 diagonal polynomial matrices with elements
is a 2 2 diagonal matrix polynomial with diagonal elements (1 L) dvi and^denotes elementwise exponentiation. (2006) use the approximate result that if log returns are conditionally Gaussian with mean 0 and volatility ht then the log range is a noisy linear proxy of log volatility. In this paper we model the GK volatility as an AR-FI-GARCH process. 6 Baillie and Morana (2007) introduce a new long-memory volatility process, denoted by Adaptive FIGARCH which is designed to account for both long-memory and structural change in the conditional variance process. One could provide an enrichment of the bivariate dual long-memory model by allowing the intercepts of the two means and variances to follow a slowly varying function as in Baillie and Morana (2007) . This is undoubtedly a challenging yet worthwhile task. post-crisis periods and an ARFI(9) for the sample B1. Finally, for the conditional mean of foreign volume we choose an ARFI(12) speci…cation for the entire period, an ARFI(6) for sample A and an ARFI (5) for the two post-crisis periods (see table 1 ). 7 We do not report the estimated AR coe¢ cients for space considerations. Table 2 reports parameter estimates of the cross e¤ects. The likelihood ratio tests and the information criteria (not reported) choose the formulation with the bidirectional feedback between total/domestic volume and volatility for the whole sample and the two post-crisis periods whereas in the pre-crisis period causality runs only from the latter to the former. In most of the cases only the …rst lags are signi…cant. In the entire sample for the total volume-volatility link the second lags are signi…cant as well.
Volume-Volatility link
Moreover, information criteria and likelihood ratio tests choose the speci…cation with the bidirectional feedback between foreign volume and volatility for all four periods. In the entire period and in samples A and B1(B) the …rst and second(third) lags of gv;s are signi…cant. In addition, in the entire and two post-crisis periods only the second lag, vg;2 , is signi…cant whereas in the pre-crisis period only the third lag, vg;3 , is signi…cant.
As seen in table 3 in the entire sample there is a negative bidirectional link between total volume and volatility. In addition, there is a bidirectional mixed feedback between domestic/foreign volume and volatility. In particular, domestic(foreign) volume a¤ects volatility positively(negatively) whereas the reverse e¤ect is of the opposite sign. In the pre-crisis period causality runs only from volatility to total/domestic volume and the impact is negative. In sharp contrast, foreign volume has a negative impact on volatility and there is positive causal e¤ect in the opposite direction. In the two post-crisis periods there is a positive bidirectional feedback between foreign volume and volatility. There is also a bidirec-tional mixed relationship between total/domestic volume and volatility. In particular, the total/domestic volume(volatility) has a positive (negative) impact on the volatility(total/domestic volume). For the entire period total/foreign(domestic) volume has a negative(weak positive) e¤ect on volatility.
That is, the evidence for the whole sample suggests that the causal (weak) negative e¤ect from total volume to volatility re ‡ects the causal relation between foreign volume and volatility.
Moreover, before the crisis volatility is independent of changes in total/domestic volume whereas foreign volume has a negative impact on volatility. Recall that, according to Wang (2007) foreign purchases tend to stabilize stock markets-by increasing the investor base in emerging markets-especially in the …rst few years after market liberalization when foreigners are buying into local markets. The lack of an e¤ect from total volume to volatility re ‡ects the lack of a causal relation between domestic volume and volatility. It is noteworthy that the theoretical underpinnings (see Wang, 2007) predict that trading within domestic investor groups does not change investor base, therefore does not a¤ect volatility.
In sharp contrast, after the crisis all three volumes a¤ect volatility positively. It is interesting to highlight the theoretical arguments of Daigler and Wiley (1999) and Wang (2007) . The former argue that the positive relation between the two variables is driven by the uninformed general public, whereas the latter states that foreign sales reduce investor base and destabilize the stock markets. Note that after the …nancial crisis the Korean stock market experienced large foreign out ‡ows (see Chung, 2005) .
For all four periods volatility a¤ects total/domestic(foreign) volume negatively(positively). However, the positive impact of foreign volume is weak (see table 2 ). That is, the evidence from the bivariate AR-FI-GARCH models suggests that the causal negative e¤ect from volatility to total volume re ‡ects the causal relation between volatility and domestic volume.
Finally, the results suggest that the causal e¤ects from volume to volatility are sensitive to 'structural changes'. That is, the e¤ect of foreign volume on volatility is negative in the pre-crisis period but turns to positive after the crisis. Before the crisis there is no causal e¤ect from total/domestic volume to volatility whereas in the post-crisis period a positive impact began to exist. In sharp contrast, the reverse causal e¤ect is robust to 'structural changes'.
Fractional mean parameters
Estimates of the fractional mean parameters are shown in It is noteworthy that in all the samples the long-memory conditional mean parameters for total/domestic volume are higher than the corresponding values for volatility. In sharp contrast, in the entire sample and the two post-crisis periods, foreign volume and volatility generated very similar fractional parameters. 9 Generally speaking we …nd that the apparent long-memory in all variables is quite resistant to 'mean shifts'. 10 8 Three tests aimed at distinguishing short and long-memory are implemented for the data. The statistical signi…cance of the statistics indicates that the data are consistent with the long-memory hypothesis (see Karanasos and Kartsaklas, 2007) . In addition, Karanasos and Kartsaklas (2007) test the hypothesis of long-memory following Robinson's (1995) semiparametric bivariate approach. 9 Karanasos and Kartsaklas (2007) although …nd that foreign volume and volatility exhibit the same degree of longmemory, they …nd no evidence that both processes share the same long-memory component.
1 0 It is worth mentioning the empirical results in Granger and Hyung (2004) . They suggest that there is a possibility that, at least, part of the long.-memory may be caused by the presence of neglected breaks in the series . However, the fractional integration parameters are estimated for the various sub-periods, after taking into account the 'presence of breaks', and the long-memory character of the series remain strongly evident. Tables 5 and 6 present estimates of the FIGARCH model. 11 Note that in all cases the GARCH coe¢ cients satisfy the necessary and su¢ cient conditions for the non-negativitiy of the conditional variances (see Appendix A). Table 5 . Variance Equations: GARCH coe¢ cients Overall, when 'allowing for structural breaks'the order of integration of the variance series decreases considerably. In the pre-crisis period the long-memory in variance for all four series disappears. In sample B the fractional di¤erencing parameter for foreign volume is low whereas in sample B1 it is zero.
FIGARCH speci…cations
Similarly, when we exclude the in-crisis period the long-memory in the variance of total/domestic volume 
Detrending
In this section in order to ensure that our results are not unduly in ‡uenced by the detrending procedure we also extract a linear trend from the volume series, taking into account the structural break on the 20th of January 1999, using the methodology of Perron (1998, 2003a ) (see appendix B1). Overall the results appear very robust and are generally insensitive to fundamental changes in the detrending technique. Speci…cally, as seen in table 7, in the entire sample there is a negative bidirectional link between total volume and volatility. In addition, there is a bidirectional mixed feedback between domestic/foreign volume and volatility. That is, the results for the linearly detrended volume series are almost identical to those reported for the moving average detrending procedure. Baxter and King (1999) develop an approach of …ltering economic and …nancial time series that is fast, ‡exible, and easy to implement (see appendix B2). They show that their approximate …lters can be used in a wide range of economic applications and produces a good approximation of the ideal …lter.
They also mention that these …lters may be readily used by a researcher and applied to data at any observation frequency. We leave further work on these detrending techniques for future research.
Conclusions
In this study, we have investigated the volume-volatility link. The variables under consideration are inextricably linked. There are few theoretical models that come to grips with the main relationships.
In addition, as a result of many econometric di¢ culties much of the empirical evidence is dubious.
We know from the previous literature how hard it is to arrive at de…nitive conclusions on this topic. Some of the empirical studies which have been carried out in this area concentrated on the impact of volume on volatility and did not examine the e¤ects in the opposite direction. The 'one-sidedness' of these methodologies is an important caveat and any such attempts to analyze the link between the two variables are doomed to imperfection. In our analysis, we show that not only does volume a¤ect volatility but the latter in ‡uences the former as well. Finally, our methodology allowed for either a positive or a negative bidirectional feedback between the two variables, and so no restriction was imposed in their relationship. This paper has examined simultaneously the long-run dynamics and the interactions of the two variables. In doing so we were able to highlight some key behavioral features that are present across the various bivariate formulations. One of the objectives of our analysis was to consider several changes and discuss how these changes would a¤ect the interlinkages among the two variables. In particular, we took into account structural breaks. That is, we distinguished trading before the AFC from periods after the crisis and we chose three alternative sets of dates for the post-crisis period. In addition, we employed various speci…cations of the bivariate dual long-memory model and we used three di¤erent measures of volume: total, domestic and foreign. when we allow for 'structural breaks'the order of integration of the conditional variance series decreases considerably. The following observations, among other things, were noted about the interlinkages. The causality e¤ects are found to be 'fragile' in the sense that either their statistical signi…cance or their sign changes when a di¤erent sample period is used. Finding that some results are fragile could in itself be valuable information. Thus our analysis suggests that the behavior of volatility depends upon volume, but also that the nature of this dependence varies with time and the measure of volume used. In particular, of signi…cant importance is that in the pre-crisis period volatility is independent of changes in total/domestic volume whereas foreign volume a¤ects it negatively. The former result is in line with the theoretical underpinnings predicting that trading within domestic investor groups does not a¤ect volatility. The latter result is consistent with the view that foreign purchases tend to stabilize emerging stock markets, especially in the …rst few years after market liberalization when foreigners are buying into local markets. In sharp contrast, in the post-crisis period increased volume leads to higher volatility.
This result is in line with the theoretical arguments that the positive impact of volume on volatility is driven by the uninformed general public and that foreign sales reduce investor base and destabilize stock markets. Another useful piece of evidence is that volatility tends to increase foreign volume and lower total/domestic volume. This …nding is robust to the choice of the sample period.
Finally, we also draw attention to one particularly interesting …nding. Most of the e¤ects are found to be quite robust to the dynamics of the bivariate model, the presence of outliers in foreign volume, the choice of the FIGARCH lag length and the second break in volatility.
To keep this article relatively self-contained, we brie ‡y review in the Appendix the main theoretical results of Conrad and Karanasos(2006) , Bai and Perron (2003a) and Baxter and King(1999) .
A Appendix: Non-negativity constraints Conrad and Haag (2006) by investigating the ARCH(1) representation of the process derive necessary and su¢ cient conditions for the FIGARCH(p; d v ; q) model with p = 1 or 2 and su¢ cient conditions for the general model. h t has an ARCH(1) representation, i.e. it can be expressed as an in…nite distributed lag of "
; i = v; g.
For any 0 < d vi < 1 the il coe¢ cients will be characterized by a slow hyperbolic decay. Next the coe¢ cients g vi;l , 
B.2 Moving Average
Applying a moving average to a time series, y t , produces a new time series y d t , with y d t = P ' m= ' a m y t m . Baxter and King (1999) prove that symmetric moving averages (i.e., those for which the weights are such that a m = a m for m = 1; : : : ; ') with weights that sum to zero ( P ' m= ' a m = 0) will render stationary series that contain quadratic deterministic trends (i.e., components of the form t = 0 + 1 t + 2 t 2 ).
One example, is the case where a 0 = 1 1=2' + 1, and a m = a m = 1=2' + 1 for m = 1; : : : ; '. Further, these moving averages can also make stationary the stochastic trends that arise when a time series is a realization of an integrated stochastic process (see Baxter and King, 1999) .
Next, consider the …lter weights a 0 = r= and a m =sin(mr)=m for m = 1; 2; : : :. While the weights tend to zero as m becomes large, notice that an in…nite moving average is necessary to construct the ideal …lter. Hence, one should consider approximation of the ideal …lter with a …nite moving average cycles between n and n 0 periods in length (periodicity is related to frequency via n = 2 =r), for given truncation point ', by BP ' (n; n 0 ).
